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Abstract. In this paper, we present a framework for segmenting the news pro-
grams into different story topics. The proposed method utilizes both vaswth

text information of the video. We represent the news video by a Shaté&xivity
Graph (SCG), where the nodes in the graph represent the shots in ¢ue aitl

the edges between nodes represent the transitions between shotgclEsdrc

the graph correspond to the story segments in the news program. Wietect

the cycles in the graph by nding the anchor persons in the video. Thisgee

us with the coarse segmentation of the news video. The initial segmentation is
later re ned by the detections of the weather and sporting news, and ttege me
ing of similar stories. For the weather detection, the global color information

the images and the motion of the shots are considered. We have usedtthe tex
obtained from automatic speech recognition (ASR) for detecting the pdtentia
sporting shots to form the sport stories. Adjacent stories with similar signan
meanings are further merged based on the visual and text similaritieroh
posed framework has been tested on a widely used data set providS by
which contains the ground truth of the story boundaries, and competitleae

tion results have been obtained.

1 Introduction

News programs provide instant and comprehensive repodinghat is happening
around the world. It usually contains two portions: newsisgand miscellaneous sto-
ries. One of the standard de nitions by the U.S. Nationatitage of Standards and
Technologies (NIST) for the news stories is that a news stoeysegment of a news
broadcast with a coherent news focus, which may includdipallissues, nance re-
porting, weather forecast, sports reporting, etc [4]. Gandther hand, non-news sto-
ries are called miscellaneous stories, covering commisytéad-ins, lead-outs, reporter
chit-chats, etc. Both types of the stories are composed@bomore shots. The cover-
age of the news program is very comprehensive, and it ig/litkelt individual viewers
maybe interested in only a few stories out of the completesi@wadcast. This interest
can be summarized based on the type of news, the geograpatmlus, etc. Automatic
story segmentation and indexing techniques provide a coemeway to store, browse
and retrieve news stories based on the user preferences.

News segmentation is an emerging problem, and many reszarflom various
areas, such as multimedia, information retrieval and viglegessing, are interested in
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this problem. Hoastet al.[3] has proposed an SVM-based news segmentation method.

The segmentation process contains the detection of theajestery boundaries, in ad-
dition of the special type of stories, e.g., nance report @port news. Finally, the
anchor shots are further analyzed based on the audio sileisceet al. [6] proposed
a statistical approach based on discriminative models.alitieors have developed the
BoostME which uses the Maximum Entropy classi ers and the assediabn dence
scores in each boosting iteration. Chaisetral.[1] used HMM to nd the story bound-
aries. The video shots are rst classi ed into differentegdries. The HMM contains
four states and is trained on three features: type of the slngther location changes
and whether speaker changes.

In this paper, we propose a two-phase framework for segngethie news videos.
The method rst segments the news videos into initial sriehen, these stories are
re ned by further detection of special types of news stodad the merging of similar
stories. The rest of the paper is organized as follows: &&@idescribes the proposed
framework in detail; Section/3 demonstrates our systemitsesind, Sectionl4 presents
the conclusion and the discussions.

2 Proposed Framework

In the news videos, we often observe the following pattemst, the anchor person
appears to introduce some news story. Then, the camerahswito the outside of the
studio, e.g., the scene of the airplane crash site. Afteetsing around the key sites, the
camera switches back to the studio, and the anchor perstatather story. It can be
summarized in this form: [anchadr][storyl] [anchor] [story2] [¢¢X This pattern
can be represented by the Shot Connectivity Graph (SCG)1{Fim SCG, the nodes
represent the shots in the video, and similar shots aresepted by a single node. The
edges connecting the nodes are the transitions betweemdt® as shown in Fig.1.
The stories in the video correspond to the large cycles 5@ that are connected at
the node representing the anchor, and our objective is extitese cycles in the SCG.

Fig. 1. Shot Connectivity Graph. The node with blue bounding box represeamtnithor person

shots in the news video. In this simple example, the video consists of twosteriss and one

commercial. The blue cycle and the red cycle are the news stories, agietrecycle represents
a miscellaneous story
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We have developed an ef cient and robust framework to segrirennews programs
into story topics, motivated by [12]. The framework contaiwo phases: (1). the initial
segmentation based on the anchor person detection, inglbdih the main anchor and
the sub-anchor(s); and (2). the re nement based on furte&ations of the weather
and sports stories and the merging of the semanticallyelkstories.

In the rst phase, we segment the video by detecting the syitiat are connected
at the “anchor” node in SCG. The properties of the extendedlfeegions in the key-
frames of the shots are analyzed for clustering the simhaissinto corresponding
groups. Note that besides the large cycles, there are alathesroycles that are em-
bedded in the larger cycles. This can be explained as theaegopee of the reporters,
interviewers, or the sub-anchors for a speci ¢c news stoxy,, enance news. We con-
sider the later case as a type of the news story segments.eféetidn method for the
sub-anchor(s) is the same as the detection of the main anchor

In the second phase, the initial segmentation is re ned byér detecting news sto-
ries with special formats and merging the semanticallyteelatories. For some news
stories with special formats, there is no anchor involvedtese stories are “hidden” in
the large cycles in the SCG. Other techniques are used tod\tes” them from the
initial story segments. There are two kinds of special stowe have incorporated into
the system: weather news and sports news. The color pafténe shots is examined
to Iter out the candidate weather shots. Then, the candidetather shots are veri-

ed by their motion content. The largest continuous segnaéiihe remaining weather
shots forms the weather story. For the detection of the sptory, we used the text
correlation of the shots to a sport-related word set. Simlahe weather detection, the
adjacent sport shots are grouped into the sports story.ybenpossible that the initial
segmentations from the rst phase are not semanticallygaddent. For example, for a
particular story, the anchor may appear more than once hemdauses multiple cycles
in the SCG. Thus, merging of the semantically related ssaseeeded. Two adjacent
stories are merged together if they present similar pattesither visual appearance
or word narration, or both. The visual similarity is complites the color similarity be-
tween the non-anchor shots in the adjacent stories. Thativarsimilarity is de ned as
the normalized text similarity based on the automatic speecognition (ASR) output
of the videos. The visual and text similarities are later borad to represent the overall
similarity between the stories.

2.1 Phase | - Anchor Detection

We construct the SCG by representing the shots of the sarsempby a single node.
There are two common approaches for clustering the sintilatiss (1) using similarity
measures based on the global features, e.g., the cologtasts of the key frames; (2)
using similarities based on the face correlation. The gmoblvith the rst approach is
that if the studio settings change, the global featureshferanchor shots possess less
similarity. In the later case, the face correlation is s@resito the face pose, lighting
condition, etc. Therefore, it tends to create multiple @s for the same person. To
overcome these problems, we use the “body”, an extendeddgam. In a single news
video, the anchor wears the same dress through out the pntiggam. We take this
fact as the cue for this problem. For each shot in the videselext the middle frame
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(a). Original Sample Key Frames with Detected Faces

(b). Corresponding Body Regions Based on the Fatedfion

Fig. 2. (a). The sample key-frames with the detected faces; (b). The bgiyneextended from
the faces. Global feature comparison or face correlation fails to clirgtezame anchor together

as the key frame, detect the face using [11], and nd the bedyon by extending the
face regions to cover the upper body of the person. The sityilaf two shotss; and
sj is de ned as the histogram intersection of the body pat¢hesdf; :

X
HI (fi;f)) = min (Hi(b); Hj (D) ; @)
b2 allbins

whereH; (b) andH; (b) are theb-th bin in the histogram of the “body” patchésand
f;, respectively. Some example “body” patches are shown ir2Adpn-facial shots are
considered having zero similarity to others. Then, the shot¢ clustered into groups
using iso-data, and each of those groups corresponds tdieuper person. If a shot
contains multiple “bodies”, the shot is clustered into tkistng largest group with the
acceptable similarity. Eventually, the shots that conttaénmain anchor form the largest
cluster. Once the anchor shots are detected, the videoesggd into the initial stories
by taking every anchor shot as the starting points of theestor

Usually, in the news stories with special interests, thennaaichor is switched to a
sub-anchor. For example, such phenomenon is often foundance news. The sub-
anchor also appears multiple times with different storyu®s. Reappearing of sub-
anchors result in small cycles in the SCG. Note that some efstbries also cause
the small cycles due to other reasons: reporters or intgeree However, sub-anchor
usually appears more times than other miscellaneous persberefore, the true sub-
anchor can be classi ed by examining the size of its corradpa group. Only the
groups with suf cient facial shots are declared as the suthar shots. The detections
of the main anchor and the sub-anchors provide the initfallt@f the story segmenta-
tion, which is re ned during the second phase, and it is dised in the next section.

2.2 Phase Il - Re nement

Weather Detection. In the news story segmentation, segments related to waatier
are considered as separate stories from the general ondsté@ a weather shot, we
use both the color and motion information in the video. Thetiver shots possess
certain color patterns, such as greenish or bluish. Sontageskey-frames are shown
in Fig.3. The motion content of the candidate shots is usethtoveri cation purpose.
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Fig. 3. Some key-frames of weather shots used to build the color model faheredetection

(a) imagel - —

(c) Original (d) Reprojected (e) Disagreement
Motion Field Motion Field

(b) image2

Fig. 4. (a,b) Two consecutive images; (c) The motion eld with 16x16 block3;Re-projected
motion eld by applying the Af ne parameters; (e) The difference mateen (c) and (d)

From the training data set, we obtain the key-frames of thetlvex shots. For a key-
frameky, , a color histogranid (ki) in RGB channels is computed. The histograms of
all the key-frames then are clustered into distinctive geousing Bhattacharya mea-
sures. These groups form the color mo@let ft;:::t,gfor the weather shot detection,
wheret; is the average histogram for model grqufo test if a shos is a weather shot,
we compute the histograk (s) of its key-frame and compare it with the color model.
If the distance betweeH (s) andt; in the color model can be tolerated, then shiat
classi ed as a weather shot.

The motion content is analyzed for the veri cation of thetieli detected weather
shots. To verify if a candidate shetis a true weather shot or not, we perform the
following steps:

1. For each fram&; in the shot, compute the motion eld; betweenF; andF;.;
based on the 16x16 blocks gixd .

2. Estimate the Af ne motion parametefs from U; using the equatiotd; = A X;.

3. Apply parameterd\; to X; to generate the re-projected motion eltf.

4. Compute motion contei; as the average magnitude of the “disagreement” be-
tween the original motion eldJ; and the re-projected elt)?.

5. The motion content of shetis the mean of M 1:::M,,_; 19, wherens is the number
of frames in the shot.

6. If the motion content of the candidate slsas above some de ned threshold, this
shot is declared as a non-weather shot.

Fig.4 shows an example of the motion content analysis. lyinather false detec-
tions are eliminated by taking only the largest temporadigt;iuous section as the true
weather news story.

Sport Detection. We utilize the text similarity measure to detect sportingtshin
sports video, we often hear the particular words related tmthe sport games, “quar-
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NBA Hawks Bulls Lakers Pistons Heat Magic ...
NFL Ravens Broncos Jaguars Dophins Cardinals _Panthers ...
NHL Devils Rangers Penguins __ Sabres Wings Senators ...
MLB Angles Indians Braves Yankees Giants Marlins ...
MISC asketball Football Olympics immif Tennis ...

Fig. 5. Some example key-frames of the sporting shots, and example spaetingdcds

Sport
Similarity

Shot Number

Fig. 6. The plot of the sport similarity of shots in a video. Bars in the bottom rowesgnmt the
potential sport shots, and the red region represents the actual sgoting

terback”, “basketball”, etc. Given such a database of sppmords, we nd the rela-
tionship between a shot and the sporting database by camgpht correlation between
the words spoken in the shot with the words in the databasee®bthe key-works are
shown in Fig.5, and in total we have over 150 key-words. Theitdormation is pro-
vided by the automatic speech recognition (ASR) output efi\tldeo [2]. For each
candidate shat, we extract the key-words between the time lines by prurtiegstop
words, such as “is” and “the”. The remaining key-words forseatenceseng for this
shot. The similarity between shetand the sporting database is de ned as:

Ks

SportSim(s) = m ;

)
whereK ¢ is the number of the key-words in shethat also appear in the database,
andL (Sen) is the length of the key-worsentencef shots. Our method declares the
shots having the strong correlation with the sporting dagalto be the sporting shots.
Similar to the technique used for weather detection, falteations are removed by
taking only the largest continuous section of the detegbedting shots as the sporting
story. In Fig.6, the upper plot shows the similarity of thetsito the sporting database,
while the bars in the bottom row represent the potentialtspshots. The red region
represents the true sporting story in the video.

Story Merging. The proposed segmentation method over-segments the vidsseé
of an anchor appearing more than once in a single story. Tcconee this problem,
we merge adjacent segments based on their visual and teXariies. We use the
histogram intersection technique to compute the visualaiity of two stories and the
Normalized Text Similarity (NTS) as the text similarity nseae.
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Suppose storieS; andS; are the news sections related to the same topic created by
phase 1 and havg andn; non-anchor shots, respectively. For each shot in the storie
we extract the middle frame as the key-frame of that shot.vidweal similarityV (i;j )
between storieS; andS; is de ned as:

V(i;j) = max(HI (sf;s); p2 [1ni]; 92 [0 ]; (3)

whereHI (sf; sf) is the histogram intersection between sheftsands]!. This means
if there are two visually similar shots in the adjacent &srithese two stories should
belong to the same news topic.

Sometimes, the semantic similarity is not always re ectethie visual appearance.
For example, a news program related to a taxation plan mayshew the interviews
with a eld expert. Then, after a brief summary by the anchbe program switches
to the congress to show the debate between the politicaeéparh the same plan. In
such case, the visual appearances of these two adjaceiessioe not similar at all.
However, if any two stories are focused on the same store teaisually a correlation
in the narrations of the video. In our approach, this nareatdrrelation between stories
Si andS; with sentenceSer; andSery is computed by the Normalized Text Similarity
(NTS):

Kinj +Kjii
L(Sen)+ L(Sen)’

NTS(i;j) = (4)
whereK;, ; is the number of words iBen; that also appear iBer; , and similar de -
nition for K, j.L(Sen) andL(Sen,) are the lengths dden; andSery respectively.
One example storgentencés shown in Fig.8.

Story Similarity

Story Number

Fig. 7. The story similarity plot for the stories created by phase-1. The redspeakespond to
the stories which are merged during the second phase

Starting Time: 18:30:32

Key Words: crossroads, physics, safety,
government, responsibility,
Washington, grappling, threat
sport, utility, vehicles, represent
Lesser, accidents, obvious, ....

Ending Time: 18:30:45

Fig. 8. The key-frame of an example shot in a video, accompanied by thevkeys extracted
from that shot. The starting and ending times are from the analogue werfsiioe video (tape)
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The nal similarity between storie§; andS; is a fusion of the visual similarity
V (i;j ) and the normalized text similarity T S(i;j ) (Fig.7),

Sim(i;j)= ®& £ V(i;j)+ &rs £ NTS(i;j ) ; (5)

where®, and®yts are the weights to balance the importance of two measures.
Sim(i;j ) for the two adjacent storieS; andS; is above the de ned threshold, these
two stories are merged into a single story.

3 System Performance Evaluation

Different people may have different de nitions of a storyg e when the story should
start, when it should end. This may create argument amofeyelift researchers about
how their systems should be evaluated. To prevent this noplve have tested our sys-
tem on a open-benchmark data set. This data set is provideehyational Institute of
Standards and Technologies (NIST). It contains 118 newsogidecorded from news
networks CNN and ABC. Among these videos, 58 are from AB@&1d News Tonight
with Peter Jenningsand the other 60 are from CNNieadline NewsEach video is
around 30 minutes long and contains continuous news prograeLanguage Devel-
opment Center (LDC) has provided the ground truth for theydtoundaries based on
the manual annotation.

Inthe eld of information retrieval, two accuracy measuegs often used: precision
and recall. They are de ned as follows:

X X
Precision = —; Recall= —; 6
A B (6)

whereX is the number of correct matches between system detectimhtha ground
truth data;A is the total number of the system detectioBsjs the total number of
the ground truth references. Instead of taking the avera@iees of the precision and
recall of each video, the evaluation system computes thagioe and recall based on
the number of total matches over all the videos. For our ntetthee matching program
provided by NIST returned 0.803 and 0.539 for the precisiot @ecall respectively.

(@ (b)

° oo
)
”~ e ®e
° . °
° °
° . o®

Fig. 9.(a). Precision/recall plot of runs using visual and text informatioh;Rbecision/recall plot
of the average performance of the different research grougstékhdots represents the standing
of the proposed method

f
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(a)
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(b)
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NND
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(d)
Videos

Fig. 10.(a) Plot of the precision values for ABC videos; (b) the recall value&\RC videos; (c)
precision values for CNN videos; (d) recall values for CNN videos

Table 1. Accuracy measure for ABC and CNN videos separately. Precisiord Ragall 1 are
the measurements based on the overall performance, treating ewsrinsall the video equally
important. Precision 2 and Recall 2 are the average performance ef$hem, treating every
video equally important. Insertion is the number of the false positivesgaledion is the number
of the false negatives

[Measures | ABC | CNN |
Number of Videos 58 60
Total Match 696 1002
Total Insertion 247 169
Total Deletion 388 1043
Precision 1 0.7381 0.8557
Recall 1 0.6421 | 0.4900
Precision 2 0.7341 0.8585
Recall 2 0.6452 | 0.4927

It should be noted that the merging technique based on thahasd text similarities
reduced average 2-3 false positives every video and inedeth® overall precision by
5% » 10% We also obtained the results of multiple runs from 7 otheeagch groups
in the eld. Fig.9 shows the standings of the proposed mettadparing with others.
The detailed precision/recall values for every video amashin Fig.10. The overall
performance on ABC and CNN videos separately is shown ineTabl

It is very dif cult to argue that precision is more importatian recall or vice versa.
Usually there exists the trade-off between these two meas&or better comparison,
we have computed the F-scores of the precision and recalFidcore is de ned as,

2£ Precision £ Recall @)
Precision + Recall '’

The proposed approach achieved 0.645 for the F-score, ancbldtive standing
comparing with other groups is shown in Fig.11.

FScore=
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(@) (b)

Fig. 11.(a). F-scores of the runs using visual and text information; (bdfes of the average
performance of each research group. Red circles represenatiirg) of the proposed method

4  Conclusions and Discussions

In this paper, we proposed an ef cient and robust frameworksegmenting the news
videos. The method rst segments the news videos into ingiaries based on the
detections of the main anchor and the sub-anchor. Themitied segments are re ned
by further detection of weather news and sports stories tlamdnerging of adjacent
semantically related stories. We have experimented thpogexd method on a large
scale of data set provided by NIST, and competitive resalt® ibeen obtained.

The proposed method is biased towards more structured neasldast. For in-
stance, in ABC videos, since it often follows the pattern wedatibed in Section 2.1,
the initial segmentation is able to provide the closed smhuio the true segmentations.
On the other hand, in CNN videos, sometimes multiple st@xést in a single shot. For
example, or the news stories start with a non-anchor shetsdktwo situations cause
the false negatives of the segmentation. This explains Wwhyecall value of the CNN
videos is lower than the ABC videos (Table 1). Further resean such issue is needed
to solve this under-segmentation problem.

Furthermore, other cues in the video can be exploited in th Segmentation.
Audio signal processing and the closed captions (CC) of tdeos will be included
into our framework in the future.
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